Myostatin, or GDF8, is an inhibitor of skeletal muscle growth. A non-functional myostatin mutation leads to a double muscling phenotype in some species, for example, mice, cattle and humans. Previous studies have indicated that there are loci in the genome that interact with myostatin to control backfat depth and other complex traits. We now report a quantitative trait loci (QTL) mapping study designed to identify loci that interact with myostatin to impact growth traits in mice. Body weight and average daily gain traits were collected on F2 progeny derived from a myostatin-null C57BL/6 strain by M16i cross. In all, 44 main effect QTL were detected above a 5% genome-wide significance threshold when an interval mapping method was used. An additional 37 QTL were identified to significantly interact with myostatin, sex or reciprocal cross. A total of 12 of these QTL interacted with myostatin genotype. These results provide a foundation for the further fine mapping of genome regions that harbor loci that interact with myostatin.
Introduction
Growth traits are complex traits of economic importance to animal agriculture. A good understanding of mechanisms that control growth will benefit both meat production and human health. Therefore, growth traits have been widely studied in animal models (Corva and Medrano, 2001; Cheverud, 2005) . Heritability studies of growth-related traits (McCarthy, 1982; Eisen, 1986) indicate that there are genetic mechanisms that partially control these traits. Previous publications have estimated the amount of phenotypic variation in growth traits that can be explained by different types of genetic effects in chicken (Carlborg et al., 2003) and mice (Brockmann et al., 2000) . It has been demonstrated that, among these genetic effects, epistasis explains a large amount of phenotypic variation, as compared with additive and dominance effects. For example, Brockmann et al. (2000) estimated that about 33% of the phenotypic variation of body weight in mice could be attributed to epistasis. Another study indicated that there might be a timedependent pattern for these genetic effects and epistasis might be more important for early growth traits (Carlborg et al., 2003) .
Identification of key genes that control growth traits has shed light on the molecular mechanisms that regulate growth. For example, myostatin has been shown to inhibit muscle growth in cattle, dogs, mice, sheep and humans (Grobet et al., 1997; Kambadur et al., 1997; Schuelke et al., 2004; Clop et al., 2006; Mosher et al., 2007) . As a member of the transforming growth factor-b family, myostatin was first identified in mice for its significant effect on skeletal muscle growth . Interestingly, not all myostatin-null animals show an obvious difference in their muscle mass. For example, some South Devon cattle that are homozygous for myostatin-null mutations do not exhibit the doublemuscling phenotype (Smith et al., 2000) . In addition, Grobet et al. (1997) showed that Limousin and Blonde dAquitaine, which both possess wild-type myostatin alleles, exhibited a double muscling phenotype.
Other loci might epistatically interact with myostatin to control skeletal muscle growth. In cattle, only loci that interact with myostatin to control backfat depth and meat tenderness have been identified (Casas et al., 2000; Casas et al., 2001) . Compared with cattle, there is more evidence of genetic loci that interact with myostatin to control muscle growth in mice (Varga et al., 2003; Bunger et al., 2004) . As the main function of myostatin is to control skeletal muscle growth, it will be critical to map these loci. Furthermore, the knowledge gained will help elucidate the molecular details behind the genetic architecture of growth traits.
Here we developed an F2 population from myostatinnull C57BL/6 mice by M16i obese myostatin wild-type mice. M16i mice have been used to identify quantitative trait loci (QTL) that are associated with body weight, fat weight and body composition traits (Jerez-Timaure et al., 2005) . As an obese mouse line, it is a good model to search for causal mutations that affect muscle and adipose development. As there was a large phenotypic difference of muscle and fat weight traits between myostatin-null C57BL/6 mice and M16i mice, we expected loci that controlled these traits would also have an effect on body weight and segregate in the F2 mice derived from these two lines. A whole-genome scan was performed to identify main effect QTL. Subsequently, a model comparison approach was applied to search for potential epistatic QTL. We further investigated the phenotypic and genetic variation that could be accounted for by these QTL.
Materials and methods
Mapping population An F2 cross design was used for this study. We first derived the mapping population from reciprocal crosses between the two founder strains, myostatin-null C57BL/ 6 (McPherron et al., 1997) and M16i high body weight mice (Hanrahan et al., 1973; Eisen, 1986) . Four myostatinnull male mice were mated with eight M16i females to produce 35 male and 37 female F1 offspring. In addition, two M16i males and seven myostatin-null females were crossed to generate 31 male and 55 female F1 offspring. Within each of these two crosses, F1 mice were intercrossed to produce the F2 mapping population.
Phenotyping and genotyping procedure Each F2 litter was standardized to nine pups at 1 day after birth. At 1 week of age, mice were individually identified. Mice were weaned when they were 3 weeks old. Isolated DNA was used to determine the myostatin genotype by a standard PCR reaction. A total of 1000 F2 generation progeny that were either homozygous myostatin wildtype or homozygous myostatin-null were collected for genotype and phenotype information. Among these 1000 F2 mice, 552 mice were from the myostatin-null male by M16i female cross, whereas 448 mice were from the reciprocal cross. Each of the F2 individuals had its body weight recorded at 7, 14, 21, 28, 35 and 42 days of age. On the basis of the measurements of body weights, growth rate was calculated for different growth periods. For the pre-weaning period, average daily gain was calculated for the 2nd week and 3rd week, along with the 1st-3rd week interval. During the post-weaning period, average daily gain was calculated for the 4th week, 5th week, 6th week, and the 4th-6th week interval. Furthermore, average daily gain for the 1st-6th week interval was calculated and included as a measurement of overall growth rate. Genomic DNA from each of the F0, F1 and F2 generation mice was purified by a phenol chloroform method. All animal procedures were approved by the Iowa State University Animal Care and Use Committee before this study was conducted.
Linkage map
We genotyped 242 single-nucleotide polymorphisms on the Sequenom platform at GeneSeek (Lincoln, Nebraska, NE, USA). These SNPs were evenly distributed on 19 autosomes and the X chromosome. First, genotyping data were checked for genotyping errors on the basis of Mendelian inheritance and pedigree information. SNPs with low call rates (o80%) and genotyping errors were discarded. After this first selection, 152 SNPs were left and they were distributed on 17 autosomes (no informative SNPs were present on chromosome 15 and chromosome 16) and the X chromosome. Second, a w 2 -test was used to evaluate the extent of segregation distortion in the F2 population. Most markers did not significantly deviate from the expected Mendelian segregation ratios, except for SNPs close to the myostatin locus, which was expected because only homozygotes at the myostatin locus were included. Therefore, the remaining 152 SNPs were used for our statistical analysis. Finally, a linkage map was constructed in Kosambi centimorgans with Cri-map (Green et al., 1990) . Marker order and position in this map (Supplementary General statistical analysis SAS 9.2. (SAS Institute Inc., Cary, NC, USA) was used to explore the data structure of the F2 phenotypic data. First, simple statistics were calculated on the 14 growth traits. Second, Q-Q plot and normality tests were used to verify that each trait was normally distributed. Third, the Proc General Linear Model procedure was applied to each trait to identify significant factors that need to be accounted for in the QTL mapping model. Specifically, effects of myostatin genotype, coat color, sex, reciprocal cross and interactions among these factors were evaluated. All these factors have been previously shown to impact growth traits. Finally, after adjusting fixed effects that were identified in the previous step, residual correlations were calculated and tested between each pair of traits by the Proc CORR procedure.
Main effect QTL analysis GridQTL (Seaton et al., 2006) , a web-based QTL analysis program, was used to identify QTL associated with the 14 growth traits by interval mapping. The QTL model included the main effects of myostatin genotype, coat color, sex and reciprocal cross, and the interaction effects of sex Â myostatin genotype, sex Â reciprocal cross, myostatin genotype Â reciprocal cross, sex Â coat color and sexmyostatin genotype Â reciprocal cross along with the additive and dominance effect at the single QTL position. For each trait, both F-values and logarithm of the odds (LOD) values were provided by GridQTL. Genome-wide significance levels (1 and 5%) were determined by the genome-wide permutation procedure (Churchill and Doerge, 1994) implemented in GridQTL, using 1000 permutations. Additive and dominance effects, along with the corresponding standard errors, were estimated for each significant QTL peaks. The percentage of phenotypic variation accounted for by a QTL position was computed as the percentage of residual sum of squares explained by the additive and dominance effects at the QTL. For each trait, the total phenotypic variation of all QTL was calculated by summing the percentage of phenotypic variation together.
QTL interaction with myostatin genotype, sex and reciprocal cross effect To test the potential interaction between a QTL and myostatin genotype, we first applied a forward QTL selection strategy. In this step, the dataset was split into Epistatic QTL that interact with myostatin Y Cheng et al two subsets by myostatin genotype. Interval mapping analysis was completed using the main effect QTL model without myostatin genotype effect within each subset. All positions that reached a 5% genome-wide significance level were identified. In the second step, the interaction between each of these positions and myostatin genotype was tested by comparing four models in the full data. Fixed effects in the following models were the same as before. The corresponding P-value was calculated from the F-distribution. A comparison-wise P-value less than 0.05 was considered significant.
To analyze the interaction effect between QTL and sex, the full dataset was split into two subsets according to gender, female F2 mice and male F2 mice data. A similar approach to the one described above was used by substituting the myostatin Â additive effect with the sex Â additive effect and the myostatin Â dominance effect with the sex Â dominance effect.
To analyze the interaction effect between QTL and reciprocal cross, the full mouse dataset was again split into two subsets according to reciprocal cross information: the M16i female Â myostatin male cross and the M16i male Â myostatin female cross data. Again, a similar approach as described above was used by substituting the myostatin Â additive effect with the cross Â additive effect and the myostatin Â dominance effect with the cross Â dominance effect.
For each of the detected QTL, the additive and dominance effects were estimated. The amount of phenotypic variation accounted for by each was calculated using the percentage of sum of squares explained as described above for main effect QTL. For each trait, the total variation explained by QTL was calculated as the sum of phenotypic variation from all main effect QTL and interaction QTL that were identified for the trait.
Results

General statistics
Our initial statistical analyses indicated that all 14 phenotype traits were normally distributed (Supplementary Figure 1) . The histograms in Supplementary Figure 1 illustrate that the effect of myostatin-null genotype and male sex increased with age from 1st-6th week of age. The general statistics of these 14 traits are presented in Supplementary Table 1 . Most of the body weight and average daily gain traits had significant correlations with one another (Table 1) . Early body weights (1st-3rd week) were negatively correlated with body weights during the post-weaning growth period (4th-6th week). In addition, the 14 body weight traits were identified for significant main effects of myostatin genotype, sex and reciprocal cross. Interactions between main effects were significant for some traits (unpublished results).
Main effect QTL
On the basis of genome-wide scan in the whole F2 population with the additive and dominance QTL model specified in the method section, we observed 26 and 44 QTL that were associated with these 14 growth traits at a 1% and 5% genome-wide significance level, respectively (Table 2 ). These 44 QTL were distributed on 10 autosomes (chromosome 1, 2, 3, 4, 5, 6, 10, 11, 12 and 18; Figure 1 ). Chromosome 2 harbored the greatest number of QTL, whereas chromosome 12 contained the least number of QTL. We identified four pre-weaning body weight QTL, 14 post-weaning body weight QTL, eight pre-weaning growth rate QTL, 12 post-weaning growth rate QTL and six overall growth rate QTL (Figure 1 ). The total phenotypic variation explained by these QTL was summed for each trait in Table 3 , along with the number of QTL. The average phenotypic variation accounted for by each of the 44 QTL was about Epistatic QTL that interact with myostatin Y Cheng et al 2.5%. Average daily gain for the 1st-6th week period (Figure 2 ) had the most QTL identified and these QTL also explained the largest amount, about 15.6%, of the phenotypic variance (Table 3) .
Epistasis and interaction effect
We identified 12 QTL that significantly interacted (Pvalue o0.05) with myostatin genotype (Table 4) . These QTL represent a statistical epistatic effect, which means that QTL genotype significantly impacted the effect of myostatin. Similarly, 11 and 14 QTL were detected with a significant interaction with reciprocal cross and sex, respectively (Supplementary Tables 2 and 3 ). These 37 QTL were distributed on chromosomes 1, 3, 4, 6, 7, 8, 10, 11, 12, 14 and X chromosome (Figure 3) . In all, 21 of these additive or dominant QTL were also detected when the genome scan was performed on the full dataset. However, the other 16 QTL did not have a significant QTL effect when the whole F2 population was analyzed. The phenotypic variation accounted for by these additive and dominance interaction effects are summarized in Table 4, Supplementary Tables 2 and 3 , along with the corresponding F-and P-values. The amount of total phenotypic variation of each trait that was explained by these interaction effects ranged from 1.18-6.36% (Table 3) . Epistatic interaction effects accounted for the greatest amount of phenotypic variation for 3rd week average daily gain. Sex Â QTL interactions were detected during both the pre-weaning and post-weaning periods. However, no myostatin Â QTL or cross Â QTL interaction effects were detected for pre-weaning body growth traits (Table 5 ).
Partitioning the total genetic variation
The total genetic variation accounted for by the detected QTL was partitioned into four genetic components, for example, additive, dominance, additive interaction and dominance interaction. The phenotypic variation explained by these four types of effects was summarized in Figure 4 . Additive and dominance effects accounted for more genetic variation than interaction effects in body weights as age increased. This difference ranged from 1 to 18% of the total genetic variation. No interaction effects were detected for 2nd week body weight and average daily gain traits. For most of the growth traits, the variation explained by dominance interactions is about four times larger than the variation explained by additive interactions.
Discussion
Comparison with other growth trait QTL studies In this study, we analyzed 14 highly correlated growth traits in an F2 population derived from a myostatin-null C57BL/6 by M16i high body weight mouse line cross. Compared with previous QTL mapping studies in the mouse, some of the QTL identified in our study were coincident to QTL positions that had been previously discovered (Supplementary Table 5 ). In particular, the QTL with the largest F-value detected in our study, which was associated with ADG14-21 on chromosome 2, was very close to the largest QTL identified by Rocha et al. (2004) . Although it was shown to be associated with week 10 body weight, it was very possible that these two QTL are actually the same and the causal mutation in this genomic region has a pleiotropic effect. In addition, these regions on chromosomes 1, 14 and X that contain QTL in our study were not shown to be associated with body weight traits in mice before, although other regions on the same chromosomes are known to harbor body weight QTL, for example, the X chromosome (Rance et al., 1997) . This again confirms that there are some major QTL on the X chromosome that can affect body weight. In addition to chromosomes 1, 2, 14 and X, we also detected QTL in several regions on chromosomes 3, 6, 10 and 18. Interestingly, these regions were not detected in the Rocha et al. (2004) growth study. Similar to our study, their study also used M16i as one of the founders for its mapping population. This indicated that the unique QTL we identified was most likely from the C57BL/6 genetic background, and these loci might not be polymorphic in other mouse strains, which makes the F2 progeny derived from a C57BL/6 by M16i cross a valuable mapping population. However, we need to point out that although we used a genome-wide significance level to control for multiple testing, the 
Phenotypic correlation coefficients have P-value less between 0.01 and 0.05 are in italic. Phenotypic correlation coefficients have P-value larger than 0.05 are in bold. All other phenotypic correlation coefficients have P-value less than 0.01.
Epistatic QTL that interact with myostatin
Y Cheng et al usage of multiple models to test a large number of traits increases the possible false-positive rate. Moreover, some of the QTL that had been identified in previous studies were associated with different traits in our studies. As trait names and their definition are not very consistent between studies, it is difficult to conclude whether or not these QTL really control the same traits. Even for our own study, many of the QTL that we detected for different traits were localized to the same chromosomal region. One reason might be that some traits were highly correlated. Moreover, this might indicate the presence of pleiotropic QTL. Without testing for pleiotropy, we cannot tell whether this is caused by pleiotropic QTL or multiple QTL that are tightly linked. Further investigation, for example, fine mapping, can help to increase the mapping resolution and provide more information.
Epistatic QTL interactions with myostatin gene
During skeletal muscle growth, it is known that many molecular signals might be involved through multilevel interactions (Kambadur et al., 2004) . This information was consistent with the fact that significant myosta- Epistatic QTL that interact with myostatin Y Cheng et al tin Â QTL interactions were detected in our study. A study of mapping myostatin modifiers that impact muscle growth in the Compact mouse line was previously reported (Varga et al., 2003) . Although the phenotypic measurements (qualitative) of Varga et al. (2003) may be less precise than the quantitative measurements used here, they did measure muscularity, which is directly affected by myostatin. In contrast, we evaluated body weight measurements. Their work indicated the presence of some QTL that segregate in myostatindeficient mice that affect musclarity. Unfortunately, the QTL identified by Varga et al. were only observed in myostatin-deficient mice. Thus, it is unknown if these QTL have different effects in the presence and absence of functional myostatin. Furthermore, Bunger et al. (2004) reported that myostatin deficiency may result in varying phenotypes in different genetic backgrounds. Taken together, these results indicate the possible presence of QTL that epistatically interact with myostatin to control variation in growth phenotypes. Most of the QTLs that were detected in this study were associated with post-weaning (3-6 week after birth) traits, which correspond with the onset of puberty. This indicated that these QTL might interact with sexual hormones. Moreover, it has been suggested that myostatin effects might be age dependent (Lee, 2004) . Therefore, these QTL regions could provide more information about how this kind of time-dependent mechanism is regulated. On the other hand, body weight is composed of multiple organ weights. Therefore, it will be of further interest to dissect whole body weight gain into single organ and tissue weights, for example, adipose and skeletal muscle. It has been shown that myostatin is also expressed in adipose tissue of the adult mouse . Other studies have indicated that QTL by myostatin interactions can influence some adipose traits in cattle (Casas et al., 2000) and muscle mass in mice (Varga et al., 2003) .
Gene interaction with sex effect and cross effect Sexual dimorphism in QTL mapping has been studied previously (Kenney-Hunt et al., 2006; Fawcett et al., 2008) . These QTL might truly function differently between male and female. However, they can be a false-positive result in QTL analysis. In our study, we identified 14 QTL that had a significant sex Â QTL interaction. Compared with QTL that exhibited a myostatin Â QTL interaction, we did not observe a clear age-dependent trend in sex Â QTL interactions (Table 5) . We found that among these 14 QTL, 4 were located on chromosome X. These QTL associations can be a result of X chromosome dosage compensation or sex-specific genes. Previously, main effect body weight QTL have been detected on the X chromosome in several studies (Lembertas et al., 1996; Rance et al., 1997; Liu et al., 2001). Our results not only Figure 1 Chromosomal distribution of QTL for different growth periods. Pre-weaning BW: pre-weaning body weight trait, include BW7, BW14 and BW21; Late BW: late body weight traits, include BW28, BW35 and BW42; Pre-weaning GR: pre-weaning growth rate traits, include ADG7-14, ADG14-21 and ADG7-21; Late GR: late growth rate traits, include ADG21-28, ADG28-35, ADG35-42 and ADG28-42; Overall GR: overall growth rate trait, includes ADG7-42. Epistatic QTL that interact with myostatin Y Cheng et al confirmed that the X chromosome contains QTL associated with body weight, it also indicates that these QTL may be sex-specific or have significant interaction with sex. In mammals, X chromosome dosage compensation results in equal gene expression between different sexes. Further, fine-mapping studies could be conducted to narrow these regions, and causal mutations could be identified by measuring the expression profiles of candidate genes. One successful example of this approach was the identification of Glypican-3 as the causal gene for a major growth QTL in mice (Oliver et al., 2005) . The most significant sex Â QTL interaction controlled growth traits during the pre-weaning period. Functional studies of genes that underlie these QTL could be important to elucidate the role that sex has in growth. Among the 11 QTL that had a significant reciprocal cross Â QTL interaction, 6 were located on chromosome 4. This type of interaction indicated a strain-dependent gene expression pattern. There are several possible ways to explain this kind of reciprocal cross interaction. First, there might be an interaction between the mitochondrial and Epistatic QTL that interact with myostatin Y Cheng et al nuclear genome, as F2 individuals only inherited mitochondrial DNA from one of the F0 founder lines. Different alleles of these QTL might interact directly with mitochondrial DNA or its protein product to affect body growth. Given the importance of mitochondria in energy and metabolism processes, it was not surprising that such interactions were observed. Similarly, differential reciprocal cross effects have been documented in other QTL mapping studies (Smith Richards et al., 2002; Lagerholm et al., 2009) . Another explanation of this reciprocal cross effect could be a result of some effects from the Y chromosome. As F2 mice within each cross only inherited their Y chromosome from either M16i or C57BL/6 founders. These QTL loci might interact with genes on the Y chromosome to affect growth. Statistically speaking, any effect resulting from the Y chromosome was confounded with the effect of mitochondrial DNA. Therefore, further investigation is needed to identify the real reason behind thess cross Â QTL interactions.
Variation explained by epistatic interactions
In spite of the fact that we identified 37 QTL with significant interactions with myostatin, sex or reciprocal cross effect, the total phenotypic variation accounted for by these QTL was not very large (Table 3 ). The QTL with the largest effect accounted for only about 6.36% of the phenotypic variance in ADG14-21. This is much smaller than that estimated by Brockmann et al. (2000) and Carlborg et al. (2003) . They reported that epistasis could account for approximately 33-36% of the phenotypic variance observed in body weight and fat accumulation in mice. However, both these studies and our study show that there might be a time-dependent trend for epistatic or interaction effects. Gene interactions seem to be more important for early growth (Table 5 ). In addition, dominance QTL interactions with myostatin genotype explained more phenotypic variation than did additive QTL interactions. Dominance interaction effects might be a preferred mechanism for the myostatin-associated growth pathway. There are several possible explanations for the difference between Carlborg et al. (2003) and our estimates of genetic variation. One obvious reason could be that we only considered the interactions between the myostatin locus and QTL. This is a small proportion of overall pair-wise gene interactions that might be involved in the control of body weight. A further analysis of the interaction between these QTL and interaction between nonsignificant genome locations could possibly explain more phenotypic variance. In addition, Carlborg et al. used a 20% genome wide significant threshold to identify epistatic QTL, whereas we used a 5% level. The difference of significance threshold might lead to a difference in the total number of QTL detected. Furthermore, the allele segregation status in M16i and C57BL/6 genome can also be a reason for this. Some QTL that were associated with body weight traits might not be segregating in the F2 population derived from these two strains, which limits the number of QTL that can be detected. One possible way to solve this problem is to use a mapping population that has more genetic variation. For example, the collaborative cross is a good candidate model (Threadgill et al., 2002) to accomplish this. The collaborative cross is generating more than 1000 recombinant inbred mouse lines derived from an eight-way intercross, and some of these lines are still in the breeding stage. The eight founder lines were carefully selected to represent most of the genetic variation in the mouse genome. Because a large number of recombination events occurred in the genome during the development of the collaborative cross, they are expected to be an ideal QTL fine mapping population. After the completion of collaborative cross project, QTL mapping studies in these mice will provide a higher statistical power and better resolution.
Conclusions
We identified a substantial number of QTL that control body weight and growth rate traits using an F2 mouse population derived from M16i obese myostatin wild-type and C57BL/6 myostatin-null mouse lines. In addition, we also detected QTL that significantly interacted with myostatin genotype, sex and reciprocal cross. Further investigation of individual tissues will help to elucidate more details on how myostatin regulates growth. In future studies, these QTL regions could be used to search for candidate genes that affect the myostatin signaling pathway.
